Abstract. Due to various types of errors added to yield data
Introduction
Measuring mass or volume of crop flow is one of the most essential tasks in yield monitoring systems. Although many yield monitoring systems have been developed and commercialized for different crops, error reduction and calibration routines have been considered to be improved further. The magnitude of errors should be sustained within a satisfying range for yield monitoring systems to be effective and valuable. Reduction of error in yield data from harvesting operations was addressed with several error sources (Blackmore and Marshall, 1996) . This paper explores a possibility of reducing or removing noise in yield signal using distinctive types of sensors. A signal processing method was proposed in this paper to reduce dynamic mass errors for a trailer-based yield mapping. Essentially weighing problem is dynamic since crop mass is changing during harvesting operation in addition to the effects of ground smoothness or vehicle vibration. The overall goal of this research is to explore feasibility of using different sensors to reduce or remove noise in a yield monitoring system. The specific objectives of this paper were:
• to design and build an experimental model yield monitoring system,
• to implement different sensing techniques for measuring crop yield, and
• to develop a data processing algorithm using data from different sensors to reduce errors in the experimental yield monitoring system.
Recently there has been much effort to develop yield monitor performance standards by the ASAE Precision Farming Committee PM-54 to "provide the basic requirements for a uniform procedure to measure and report yield monitor accuracy". At the time of this publication, the standards were divided into two standards, i.e., Lab Standard: X578 Yield monitor performance test and Field Applications Standard: X579 Yield monitor field performance engineering. The Lab standard was in the process of approval by the ASAE Standards Committee and the other was still under development. Even though those standards define various aspects of testing procedures, this paper focuses only on the possibility of utilizing different sensing techniques to reduce errors in a yield monitoring system.
Background
Since dynamic weighing in a fast and accurate way is required for various applications, many approaches have been used for ideal step cases such as using an adaptive filtering method (Shu, 1993) and a nonlinear regression technique (Danaci and Horrocks, 1995) that fits a dynamic model to actual outputs. Also an artificial neural network was used to obtain necessary parameters of weighing system models to estimate dynamic weights (Bahar and Horrocks, 1997) . Various parameters associated in a complex system could be optimized adaptively using genetic algorithms in an evolution-based design (Alpaydin et al., 2002) . However, yield monitoring requires dynamic on-the-go weighing in harsh conditions. There are complex influences during harvesting operation from tractors and trailers, and ground undulation that tend to deviate from their models.
There are a lot of computational burden as well as complexity to cope with many parameters of the models of the external effects. To avoid this difficulty, an extra load cell and a reference mass was installed to compute indirect reference acceleration (Van Bergeijk et al., 1997; Krumpelman and Sudduth, 2000) . In addition to low-pass filtering and moving average, the calculated acceleration data were used to get rid of error components due to vibration and disturbances.
There have been growing interests and applications over the past two decades for the use of multiple sensors (Luo and Kay, 1995) to increase intelligence and robustness of various machines and systems. Integrating information provided by multiple sensors into the operation of a system is the synergistic use of individual sensor functions in the forms of sensor-data integration and fusion (McDaniel, et al., 1998) . Cost reduction of sensors, for example by the advent of micro electromechanical systems (MEMS) such as an accelerometer (model: ADXL202, Analog Devices), provides wide adoption of new technology in real applications.
Materials and methods

Weighing experimental apparatus
An experimental model weighing system (Figure 1 ) was designed and used to acquire weight and acceleration data. A bin and its supporting base were made of 8-mm thick acrylic plates. Four 10 kg compact tension/compression load cells (model: UU, Dacell (www.danaloadcell.com)) of strain gauge type for general purposes were installed on the four corners of the top of the base, Figure 2 . The load cells' rated output was 2.0 mV/V and the error rate was 0.03%. The maximum output was 6.6 mV for a common 3.3 V operating voltage.
Throughout the testing procedure, soybeans purchased from a grocery store were used as a testing crop. They were dried soybeans commonly available at grocery stores. 
Acceleration sensor
To measure the vibration of the bin which affected the load cell readings, an accelerometer (model: ADXL202, Analog Devices) was installed at the center of the bottom of the bin. It was a 14-pin chip ( Figure 3 ) containing a MEMS type sensor inside, measuring acceleration in the range of ±2 G. The same 3.3 V operating voltage was applied to produce an output voltage of 0.0 V for -2 G, 3.3/2 V for 0 G, and 3.3 V for 2 G.
Amplifier module
The output data (6.6 mV maximum) from the load cells needed amplification before being interfaced to a microprocessor system. High precision instrumentation amplifiers (model: MAX4194, Maxim), whose maximum error was 0.01%, were used. Amplification rate was adjusted using a single resistor R G . A thin metal film resistor of 100 Ω was used to make the gain to be 501 (gain = 1 + 50 KΩ/R G ) 
Data acquisition system using a microprocessor
A data acquisition system based on a 16-bit RISC microprocessor (model: MSP430F149, Texas Instruments) was designed to process data from the four load cells, a temperature sensor (model: LM35, National Semiconductor), three arrays of photo-interrupters, and the accelerometer. The MSP430F149 microprocessor operated by a single 3.3 V source had 8 channels of 12-bit A/D converters, two 16-bit timers, and two USART (universal serial synchronous/asynchronous communication interfaces) ports. Sampling frequency was 250 Hz. Each channel was sampled at 2 µs in sequence and then each data set was processed and sent to a host PC through a serial port.
Frequency domain analysis
Before the analysis of effects on load due to vehicle vibration and ground undulation while driving, PSD (power spectrum density) of load cells and acceleration data were analyzed, while the vehicle engine was running but not moving. Typical PSDs are shown in 
Load cell and its calibration
The load cells were calibrated with reference masses of 1 kg. Average values of load cell outputs in stationary measurements when there was no load in the bin are shown in Table 1 . Net load cell data were obtained excluding the stationary average values from the load cell output data.
The output voltages of the amplifiers following load cells when the load was increased by a reference mass of 1 kg were recorded. A measured output voltage of the amplifier was converted into mass using interpolation based on reference relationships in Table 2 . The results are shown in Figure 11 . 
Frequency domain analysis while moving
To investigate effects of vehicle vibration and ground undulation on load cell measurements while moving, PSDs of load cells and acceleration data were analyzed. Since the effects depended on various patterns of ground level variation as well as the vehicle speed, the acceleration data from the sensor were used directly. Typical PSDs during operation are shown in Figures 12 and 13 . Generally speaking, frequency components of the PSD less than 4 Hz corresponded to the effects of ground undulation, and the components between 4 to 10 Hz were due to small scale objects between tires and ground. There were harmonics components of 22.7 Hz due to vehicle characteristics as well. Mass Loadcell1 Loadcell2Loadcell3 Loadcell4 0Kg 0.033V 0.045V 0.035V 0.030V 1Kg 0.377V 0.385V 0.380V 0.382V 2Kg 0.711V 0.719V 0.707V 0.713V 3Kg 1.031V 1.051V 1.045V 1.050V 4Kg 1.369V 1.396V 1.338V 1.356V 5Kg 1.700V 1.728V 1.787V 1.815V 6Kg 2.031V 2.216V 2.185V 2.212V 7Kg 2.352V 2.551V 2.520V 2.544V 8Kg 2.775V 2.876V 2.843V 2.794V 9Kg 3.127V 2.988V 2.941V 2.794V 10Kg 3.215V 2.988V 2.943V 2.795V According to the PSDs, a low pass filter (LPF) with a cutoff frequency, f c , at 4 Hz ( Figure 14) and a band pass filter (BPF) with f c at 4 and 10 Hz ( Figure 15 ) were designed to find the relationship between the acceleration and load changes. Both were digital fourth order Butterworth filters. 
Reference ratio between mass and acceleration
Experimental dynamic load data and acceleration data have shown similar patterns of noise added to their nominal values for external disturbances while running. A multiplication constant to acceleration data for a given reference mass was obtained by minimizing mean squared error (MSE) between the weight and modified acceleration data. The multiplication constants and output averages of both filters are given in Table 3 . They were obtained experimentally using known stationary masses, but they were also effective to cancel the added noises in dynamic mass data. Interpolation of these multiplication constants ( Figure 16 ) was used in real disturbance cancellation after getting pseudo-stationary weights by calculating a moving average. Finally offset errors between the reference mass and the simulated mass are shown in Figure 17 . Table 3 . Multiplication constants to obtain mass from acceleration and average outputs of filters. Each set of output data of the low pass filter and the band pass filter for reference masses of 0, 2, 4 and 6 kg was examined to find the relation between weight and acceleration. Typical weight and acceleration data of both filters and respective mass are shown in Figures 18 -21 . 
Reference ratio between mass change and photo-interrupts
A set of light source and a photosensor is frequently used to measure grain volume within a clean grain system for yield monitoring (Morgan and Ess, 1997) . It detects the degree to which a bin is loaded. Since a photosensor is immune to vibration or shock disturbance compared to load cells, photo-interrupt information was combined with acceleration data to reduce mass noise in this research.
Three arrays of eight photo-interrupters (photo diode array and photo transistor array) were devised as in Figure 22 , and installed at the outlet through which grains flowed to measuring bin. Several reference ratios between constant mass increase and the number of photo-interrupts were obtained through experiments just like the previous ratio between the weight and acceleration. Sampling time of photo-interrupts was 4 ms.
4.2mm 6mm 3mm 2.4mm Figure 22 . Photo-interrupters (photo diode array and photo transistor array) and three arrays. Photo-interrupter arrays were directly interfaced with the microprocessor (MSP430F149) using DIO (digital input/output) ports. Interrupts were sampled at 250 Hz which was the same sampling rate for load cells and the acceleration sensor as well. Since speed of grain flow depends on grain shape, density, moisture contents, etc., the OR operations of a number of previous photo-interrupt data were used to obtain the best linearity ratio of the flow and the mass increase. It was 24 for soybean sample.
Another parameter to be considered was the delay time between the photo detection and the load cell measurements. 400 ms (100 sampling times) was found to be transportation time experimentally. Comparison of weight measurements by load cells and conversion from photo-interrupts are shown in Figure 24 at typical flow rates. The experimental system showed the relationship between the weight increase rate and the number of photo-interrupts in Figure  25 when there were no disturbances.
Results and discussion
The proposed method was applied to a 5 kg reference mass in the weighing bin while moving at 20 km/h to see the feasibility. The dynamic weighing procedure steps were:
• Sampled load cell and acceleration sensor data at 250 Hz were low-pass filtered with cutoff frequency (f c ) at 4 Hz: m LPF (t) and a LPF (t).
• Calculate mass, m PHOTO (t) , by the relationship of the flow rate and photo-interrupts.
• Replace the portions of m LPF (t) with those of m PHOTO (t) if the acceleration is larger than 0.1 G.
• Calculate 300 pt moving average, ma{m LPF (t)}, to find a quasi-stationary weight and to be used for interpolation.
• Calculate amplification gain, K am , of Table 2 using interpolation for ma{m LPF (t)}.
• Calculate compensated mass, m est (t), by deleting disturbances m est (t) 
=m LPF (t)-K am ×a LPF (t).
• Calculate estimated mass, M est (t), by calculating a moving average, ma{m est (t)}.
• Calculate the mass estimation by offset error calibration to M est (t) .
The experiments were done using a van running 20 km/h on an unpaved coarse-surface ground. Reference 5 kg mass was used for unknown mass to check the error reduction of the proposed method when vehicle and ground undulation disturbances were added to the weight logging. The measurement shown in Figure 26 has high frequency disturbance components which can be deleted easily by low pass filtering and moving average, but also it has low frequency components less than 4 Hz reflecting external disturbances. The multiplication constants were read from Figure 16 or calculated using reference values in Table 3 after taking 300 point moving average (Figure 28 ). Acceleration output data of low pass filter were multiplied by this amplification ratio. Then the amplified acceleration data were subtracted from low pass filtered weight measurement to get m est (t) = m LPF (t) -K am × a LPF (t) . Figure 30 shows the compensation of dynamic weight with reduced effects of the low frequency disturbances. Then calculate estimated mass M est (t) by taking moving average ma{m est (t)}. Finally offset error was deleted by the calibration shown in Figure 17 . The processed weight data showed the errors less than 20 g for 0 -10 Kg loads (Figure 32 ). Figure 33 was the result when low pass filter and moving average were used without acceleration sensor data, and showed visible low frequency effects due to vibrations. More artificial vibrations were given to the experimental setup since the vibration measured was less than 0.1 G in the previous trial and thus it was not necessary to use the data from the photo-interrupt device. Figure 34 was a weight measurement with a lot of large-scale vibration when the grain flow is near constant. The acceleration sensor showed ( Figure 35 ) disturbances larger than 0.1 G which was more than two times of peak magnitudes in normal operations. Figure 36 was a photo-interrupts measurement for the same grain flow. Disturbances were reduced through the previous low pass filtering ( Figure 37 ) and moving average (Figure 38 ). But the graph resulted in by the relationship between the numbers of photo-interrupts and mass increase in Figure 39 showed less effects remaining. 
Conclusions
A signal processing method was proposed to reduce dynamic weight errors for a trailer-based yield mapping system. The sensor-data of acceleration, temperature and photo-interrupters as well as load cells were integrated to reduce measurement errors, and implemented using a microprocessor. The experiments were done using a van driving at 20 km/h on an unpaved coarse-surface ground.
• An accelerometer was used to compensate the vibrations applied to the four load cells supporting the bin. Since the filtered load cell data and accelerometer data showed similarity for the unwanted effects, the ratios were calculated to cancel out disturbances. The processed weight data showed the errors less than 20 g for 0 -10 Kg loads.
• Three arrays of eight photo-interrupters were installed to measure grain flow. When disturbance acceleration was larger than 0.1 G that was more than two times of the peak magnitudes in normal operations, it was found that the converted weight from the numbers of photo-interrupts was more immune to disturbances than the data obtained with the load cells.
